To develop and validate a risk-adjusted tool with fewer than 10 variables to measure surgical outcomes in resource-limited hospitals.
M ANY EFFORTS HAVE BEEN made to define, measure, and evaluate quality surgical care, but these programs tend to focus on hospitals in urban areas, missing many suburban or rural hospitals and completely overlooking low-and middleincome countries (LMICs). In the United States, the most well known include the American College of Surgeons National Surgical Quality Improvement Program (NSQIP), 1 the Surgical Care Improvement Project, 2 and the Leapfrog Group's surgical care standards. 3 Many of these programs focus their research on data from urban and large suburban hospitals and target their programs toward these hospitals. For example, NSQIP collects data on more than 130 variables and includes a 30-day patient follow-up. The cost of participation in this quality improvement program is prohibitory for many small, rural medical centers. The NSQIP recently launched their small and rural program for hospitals that are designated rural by zip code or have fewer than 1680 "NSQIP eligible cases," but this may miss many medium-sized hospitals in nonurban areas that may be too large for this program or too small to feasibly participate in the original NSQIP. 1 In addition, surgical quality improvement programs have largely been isolated in developed countries. To improve global surgery, quality measurement tools must be developed to be broadly and internationally applicable. Allowing hospi-tals in resource-limited countries to participate in surgical quality improvement efforts through the development of a simplified tool to measure surgical outcomes is the next critical step to improving surgical outcomes globally.
This research seeks to develop and validate a riskadjusted tool with a limited number of variables to expand risk-adjustment outcomes research to all of the world's surgical settings. This approach will provide the first step to compare risk-adjusted outcomes over time within a given nonurban hospital, between nonurban hospitals, and between urban and nonurban hospitals at a much lower cost. This research creates an important new model for quality improvement and will help establish a system to benchmark surgical outcomes in nonurban hospitals. Ultimately, this research seeks to create pathways to raise standards of health care of all hospitals to the next level.
METHODS
Patient data from NSQIP from 2005 to 2009 were used to build a tool with a limited number of variables to predict inpatient mortality. This nationally validated program measures more than 130 variables on each patient and includes a 30-day patient follow-up. 4 This data set was chosen for its breadth of variables available for each patient, both preoperatively and postoperatively.
A 6-variable tool was built using a list of all preoperative variables included in the NSQIP database, a total of 66 variables, to predict inpatient mortality. All continuous variables were kept as such except for age, which was grouped into 10year categories.
We performed a 6-stage process to add each additional variable sequentially (Figure 1 ). For each stage, logistic regression was performed to predict inpatient death. After each regression, the area under the receiver operator characteristic curve (AUROC) for each model was calculated. The AUROC value is a discriminative measure to identify how well a model separates 2 groups (ie, survivors vs nonsurvivors). An AUROC value of 0.5 would indicate that the model separated the 2 groups no better than chance, whereas an AUROC value of 1.0 would indicate that the model completely separated the 2 groups. The AUROC statistic is actually the percentage of randomly selected pairs that are correctly predicted by the model. Thus, the AUROC value allows us to see which model can more accurately discriminate between the 2 groups of interest. [5] [6] [7] [8] In stage 1, simple logistic regression was performed with each variable to predict inpatient death. The variable with the highest AUROC value to predict inpatient death was chosen from this first stage and used as the basis for stage 2. In stage 2, all other variables were added to the top variable chosen from stage 1. Multivariate logistic regression with inpatient death as the outcome was performed again for each variation of this 2-variable model, and AUROC values were found. The models with the top 5 AUROC values were chosen and used as the basis for stage 3. The method for stages 3 through 6 was the same as in stage 2: each additional variable was added to the 5 models chosen from the previous stage, multivariate logistic regression was performed to predict inpatient death, and the AUROC value was found. The 5 models with the highest AUROC value would become the basis for the next stage. This process was repeated until we created 6-variable models.
The models with the highest AUROC value at each stage were plotted to observe the diminishing returns of AUROC by each additional variable added (Figure 2 ).
The models with the highest AUROC value were validated using patient data from a 110-bed hospital with a level IV trauma center that serves a community of approximately 25 000 people in California. A retrospective medical record review of 239 surgical patients from 2009 to 2010 was conducted to collect data on each variable of interest. Patients were chosen to represent a random sampling of common, low-mortality operations performed at this hospital (40 procedures on 153 patients) and less common, high-mortality procedures (18 procedures on 86 patients). Common procedures were found by ranking International Classification of Diseases, Ninth Revision (ICD-9) procedure codes. High-mortality procedures were found by ranking ICD-9 procedures among patients who died. Endoscopic procedures were excluded. A random number of patients from procedures in each group were chosen to obtain a representative sample of both common and high-mortality operations performed at this hospital. Patient data from this hospital were used to validate the models by rerunning the original multivariate logistic regressions and calculating AUROC values. Pseudo-R 2 values were also found for these models. Some variables, such as albumin, international normalized ratio, blood urea nitrogen, cancer status, ascites status, and surgical specialty of the surgeon, were not identified from medical record reviews; models with these variables were not available to include in the validation.
Statistical analysis was performed with Stata statistical software, version 11.0 (StataCorp). Statistical significance was defined as PϽ.05. This study received approval from the University of California, San Diego, Institutional Review Board.
RESULTS
Data from 631 449 patients from 2005 to 2009 were considered from the NSQIP database to create the limited risk-adjustment model, and data from 239 patients from 2009 to 2010 from the validation hospital were used to assess the risk-adjustment model ( Table 1) . Mean age and sex distribution are similar between the 2 study populations. By race, Hispanics constitute most cases at the validation hospital, whereas whites constitute most cases in the NSQIP data set.
The American Society of Anesthesiologists (ASA) physical status classification had the highest AUROC value (0.8479) in a single-variable model to predict inpatient mortality ( Table 2 ). The top variables were ASA classification, albumin, functional status, age, sepsis status, and preoperative hematocrit. Combinations of these variables made up the 2-and 3-variable models. In the 4-variable model, emergency status and wound classification were added as significant variables. In the 5-variable model, cancer status, surgeon specialty, and ascites emerged as significant variables. In the 6-variable model, weight loss also emerged as a significant variable, but it is possible this is a surrogate for cancer status.
Using patient data from the validation hospital, the model with the highest AUROC value was a 3-variable model with age, ASA classification, and functional sta-tus (AUROC value of 0.9398) ( Table 2 ). The model with the next highest AUROC value was a 2-variable model with ASA classification and functional status (AUROC value of 0.9290).
The AUROC values greater than 90% were achieved after only 3 variables ( Figure 2 ). The AUROC values increased to 91% with 4-variable models and almost 92% with 6-variable models. There is little additional gain in AUROC for a 5-or 6-variable model compared with a 3or 4-variable model. Including all 66 preoperative variables resulted in an AUROC value of 0.9104 (pseudo-R 2 = 0.3342), approximately the same AUROC value achieved with only 4 variables. COMMENT We found that 3 or 4 variables may be sufficient for adequate risk adjustment to measure surgical outcomes. We achieved AUROC values of greater than 90% with only 3 variables. On a scale of 0.5 to 1.0, with an AUROC value of 0.5 indicating that the model cannot distinguish between 2 groups any better than change and an AUROC value of 1.0 indicating that the model completely discriminates between the 2 groups, an AUROC value of greater than 90% is substantial.
Our data provide several examples of risk-adjustment models that may be appropriate for hospitals in resourcelimited settings. In particular, a 3-variable model with ASA class, functional status, and age was found to have high discrimination within our nonurban validation hospital. However, the data presented allow for a wide range of possible risk-adjustment models, allowing surgical systems to choose the most appropriate model given their unique resources. For example, although it may be possible for hospital systems in one area to collect preoperative laboratory values, such as albumin or hematocrit, other hospital systems may find it easier to collect information on ASA classification or functional status.
Other studies found that a model based on only a few variables may provide enough discrimination to measure surgical outcomes. Rubinfeld et al 9 found the AUROC value for mortality decreased only slightly from 0.907 using all variables to 0.902 using 10 variables and argue that only a few variables are required for predictive accuracy. Dimick et al 10 found that limited models based on 5 or 12 variables had comparable discrimination to a 21-variable model using receiver operator characteristics. Birkmeyer et al 11 also found high correlation between a 5-variable and a 20-variable morbidity risk model and recommended that the new version of the NSQIP have no more than 5 to 10 core covariates.
There is some concern that ASA class and functional status are not reliable measures because they are more subjective. Some data suggest that there is a lack of interrater reliability in assigning ASA class. [12] [13] [14] Davenport et al 15 found that although ASA class was the strongest single predictor of outcomes, combinations of other risk variables without ASA class were better predictors than ASA class alone. However, ASA class was significantly correlated with 57 of 59 NSQIP preoperative risk factors. 15 In addition, Cohen et al 16 did not find evidence that ASA class and functional status were inconsistently classified and argue that they improve model quality and should be used in surgical risk-adjusted assessments. Dimick et al 10 also found that ASA class and functional status were the most important variables in all risk-adjustment models. Furthermore, ASA class and functional status were 2 of the most predictive preoperative risk variables of postoperative morbidity in the National Veterans Affairs Surgical Risk Study 17 and have been shown to predict operative outcomes in specific procedures. 18, 19 Disagreement rates between ASA class and functional status, as well as other NSQIP variables, have also improved since implementation (functional status before operation: 11.38% in 2005 to 3.4% in 2008; ASA class: 2.65% in 2005 to 1.82% in 2008); the authors argue that this is possibly due to data collection training and ongoing support. 20 This study is strengthened by the fact that we developed our model using data from a large multicenter database from multiple years. Another strength of this study is that it was validated using patient data from a smaller nonurban hospital, using data from both common procedures and less common, high-mortality procedures. Validating our study findings enabled us to judge the practicality of collecting such variables in a resource-limited setting and, in this case, in a setting that has not yet moved to electronic medical records. Our validation process also provided additional information as to which variables had the highest discrimination among this population. This study is also strengthened because we included data on all surgical patients. Some quality improvement programs focus specifically on certain surgical specialties. By using all patients in NSQIP and validating our models using a mix of surgical patients (including patients with the most common procedures performed and those with less common but higher-mortality procedures), our findings can be widely applicable to a variety of surgical fields. One limitation of this study is that some of the top variables from our models created by the NSQIP data were unable to be collected from our validation hospital because they were not easily obtained through the paper medical record review. However, the 2-and 3-variable models using data from the validation hospital had very high AUROC values, indicating that the additional missing variables would be unlikely to significantly affect the results. Another limitation is that there are likely to be coding errors, both in the NSQIP data and in data from the validation hospital. However, these errors are likely to be evenly and randomly distributed and thus should not affect our conclusions. Furthermore, coding errors will also be a reality when this model is used, so any coding errors present in our current data are likely to be similar to those encountered by this model in practice.
Our study has global implications. Although participation in programs such as the NSQIP offers administrative support and comparison of outcomes among participating hospitals, the low-cost options reported can expand the number of hospitals that participate in riskadjustment outcomes analysis and quality improvement programs. Our work also allows the expansion of risk-adjustment outcomes research to LMICs. With minimal training, 3 or 4 variables can be easily and efficiently collected by existing hospital personnel at small or resource-limited hospitals in both developed and LMICs with limited costs. From these variables, a hospital's observed-to-expected ratio can be calculated to make comparisons about outcomes. By offering a simplified riskadjustment tool, we can compare surgical outcomes among hospitals on a global scale, regardless of the spectrum of surgical procedures offered or hospital resources.
The area of global surgery has focused primarily on issues of access, which are still problematic in many LMICs. However, we should also begin to examine the process and outcomes of a hospital's surgical system to develop more appropriate and cost-effective interventions. Evaluating surgical outcomes requires risk adjustment to take patient variability into account. Our study suggests that simple but sufficient risk adjustment can be achieved in these settings. Future validation in an LMIC setting would be valuable.
Future risk-adjustment models should also consider surgical complications and morbidity, in addition to mor-tality. Although in-hospital mortality is simple to collect and the ultimate outcome, other outcomes, such as complications and morbidity, should not be overlooked. Other important outcome indicators are disabilityadjusted life-years, which can be used to measure reductions in premature death and disability as a result of an intervention. 21, 22 Disability-adjusted life-years are commonly used in LMICs, particularly in public health efforts aimed at infectious diseases. By considering disabilityadjusted life-years as an outcome measurement, we can begin to quantify surgical outcomes in terms of the amount of reduction of death or disability and have a better understanding of the cost-effectiveness of surgical interventions, which is particularly crucial information in resource-limited settings. 23 Furthermore, surgical quality assessments must include considerations of structure, process, and outcomes to evaluate and improve the entire system of surgical care. 24 We encourage the World Health Organization to expand their Tool for Situational Analysis to Assess Emergency and Essential Surgical Care to include data collection on preoperative variables to perform adequate risk-adjustment analyses. 25 With these additional data, the situational analysis tool can help record and compare risk-adjusted surgical outcomes within and among hospitals in LMICs. In conclusion, we propose that future risk-adjustment tools be based on 6 or fewer variables to allow for surgical outcomes to be measured and compared within and among hospitals in resourcelimited settings. 
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NSQIP Lite
A Potential Tool for Global Comparative Effectiveness Evaluations
T he need to compare outcomes across hospitals is of paramount importance to our patients, physicians, and payers. Administrative databases are inherently limited in scope as has been described in several recent articles in this and other journals. 1 To date, the National Surgical Quality Improvement Program (NSQIP) remains the most robust risk-adjusted and reliable tool available and, most important, the only tool that is readily accepted by most surgeons. A significant problem with NSQIP is that its expense limits the number of participating hospitals and excludes most of our smaller and rural hospitals-hospitals about which one might legitimately wish to ask certain quality and safety questions.
Anderson et al 2 present a compelling pilot model that suggests that as few as 3 simple NSQIP data points, obtainable at significantly lower cost, are all that may be needed to predict inpatient mortality in a risk-adjusted manner across a wide variety of clinical settings. Although the statistical methods are dense, one should not overlook the importance of this article. The development of a simple and inexpensive tool that could be used in the most resource-poor settings in this country and around the world is of enormous importance. For the first time, a tool would exist that would give researchers the ability to measure the effect of changes to the health care provision systems as they are being implemented in widely diverse settings. One would have a tool that gives teeth to the surgical compara-ARCH SURG/ VOL 147 (NO. 9), SEP 2012
